Background and Objective: Breast cancer is one of the most common cancers, and recognized as the third leading cause of mortality in women. Optical coherence tomography (OCT) enables three dimensional visualization of biological tissue with micrometer level resolution at high speed, and can play an important role in early diagnosis and treatment guidance of breast cancer. In particular, ultra-high resolution (UHR) OCT provides images with better histological correlation. This paper compared UHR OCT performance with standard OCT in breast cancer imaging qualitatively and quantitatively. Automatic tissue classification algorithms were used to automatically detect invasive ductal carcinoma in ex vivo human breast tissue. Study Design/Materials and Methods: Human breast tissues, including non-neoplastic/normal tissues from breast reduction and tumor samples from mastectomy specimens, were excised from patients at Columbia University Medical Center. The tissue specimens were imaged by two spectral domain OCT systems at different wavelengths: a home-built ultra-high resolution (UHR) OCT system at 800 nm (measured as 2.72 mm axial and 5.52 mm lateral) and a commercial OCT system at 1,300 nm with standard resolution (measured as 6.5 mm axial and 15 mm lateral), and their imaging performances were analyzed qualitatively. Using regional features derived from OCT images produced by the two systems, we developed an automated classification algorithm based on relevance vector machine (RVM) to differentiate hollowstructured adipose tissue against solid tissue. We further developed B-scan based features for RVM to classify invasive ductal carcinoma (IDC) against normal fibrous stroma tissue among OCT datasets produced by the two systems. For adipose classification, 32 UHR OCT B-scans from 9 normal specimens, and 28 standard OCT B-scans from 6 normal and 4 IDC specimens were employed. For IDC classification, 152 UHR OCT B-scans from 6 normal and 13 IDC specimens, and 104 standard OCT B-scans from 5 normal and 8 IDC specimens were employed. Results: We have demonstrated that UHR OCT images can produce images with better feature delineation compared with images produced by 1,300 nm OCT system. UHR OCT images of a variety of tissue types found in human breast tissue were presented. With a limited number of datasets, we showed that both OCT systems can achieve a good accuracy in identifying adipose tissue. Classification in UHR OCT images achieved higher sensitivity (94%) and specificity (93%) of adipose tissue than the sensitivity (91%) and specificity (76%) in 1,300 nm OCT images. In IDC classification, similarly, we achieved better results with UHR OCT images, featured an overall accuracy of 84%, sensitivity of 89% and specificity of 71% in this preliminary study. Conclusion: In this study, we provided UHR OCT images of different normal and malignant breast tissue types, and qualitatively and quantitatively studied the texture and optical features from OCT images of human breast tissue at different resolutions. We developed an automated approach to differentiate adipose tissue, fibrous stroma, and IDC within human breast tissues. Our work may open the door toward automatic intraoperative OCT evaluation of early-stage breast cancer. Lasers Surg. Med. 49:258-269, 2017. ß 2017 Wiley Periodicals, Inc.
INTRODUCTION
Breast cancer is one of the most common cancers and the third leading cause of mortality in women in 2015 [1] . Early detection holds the key to successful treatment of breast cancer and also leads to more flexible treatment options, including breast conserving surgery and nonsurgery approaches [2] . Minimally invasive procedures in breast cancer management [3] require accurate detection and localization of the malignancy in breast tissue. There has been increased research interest in deploying high-resolution imaging modalities for delineation of tumor morphology in breast tissue. Previously, a variety of optical and nonoptical techniques [4] [5] [6] [7] [8] [9] [10] were investigated to identify tumor margins in breast tissues based on optical properties of normal and cancerous tissues. Nonlinear microscopy [4] and fluorescence imaging techniques [5, 6] showed encouraging results in offering histology-grade visualization of breast tissue sections in freshly excised tissues. However, these microscopy techniques usually suffer from the limited field of view and lack of depth information. Diffuse optical spectroscopy [7, 8] or RF spectroscopy [9] made non-invasive full breast imaging possible, but the image resolution was insufficient for detection of micrometer level lesions.
Optical coherence tomography (OCT) is an emerging imaging modality that provides micrometer-resolution and three-dimensional (3D) images of tissue microstructure at high speed. OCT has higher spatial resolution than conventional medical imaging modalities used in breast cancer management such as mammogram and ultrasound, and can be miniaturized into a needle probe to locally diagnose and interrogate the cancerous region [11] . Different tissue types possess different optical properties, such as scattering and absorption [12] . Since the intensity of OCT signal is correlated with these optical properties of the tissue, it can be used to differentiate malignancy from normal breast tissue. OCT was first introduced to breast cancer management as a non-destructive high resolution imaging tool to evaluate tumor morphology in ex vivo breast tissue [13] . Thanks to the high-speed and wide-field imaging capability, OCT has been implemented in intraoperative settings [14] as well as handheld probes and needle catheters [15] [16] [17] [18] to enable ex vivo and in vivo assessment of tumor margins. In addition, efforts have been made to move toward computer-aided detection (CAD) of tumor tissue with OCT needle biopsy [15, [19] [20] [21] [22] . Furthermore, functional OCT systems were also introduced to breast tumor margin assessment with enhanced imaging contrast. Physical properties of the tissue, such as elasticity [23] [24] [25] and optical birefringence [26] [27] [28] can be mathematically reconstructed from additional mechanical and optical detection channels, respectively. Although the additional contrast may help to better delineate malignant sites and further assist CAD, these systems were more complicated to construct, and the reconstruction of the functional information may require spatial averaging to reduce the speckle noise, which ultimately limits the image resolution.
On the other hand, in order to match the resolution provided by traditional histology, OCT systems with enhanced lateral resolution, such as optical coherence microscopy (OCM) [29] and full-field (FF) OCT [30] , were developed to generate micro-meter resolution en face images of freshly excised breast tissue. These en face preferential OCT systems clearly provided images showing good correlations with histology. Nevertheless, they inherited some limitations from those microscopy techniques, including limited field of view and signal penetration. Although large field of view can be achieved by mosaicking and/or stitching multiple en face images, the process itself can be rather time consuming. The limited depth of focus may be mediated by wavefront correction, yet it may cause more complications in the system. Ultrahigh resolution (UHR) OCT generally categorizes OCT systems with axial resolution less than 5 mm enabled by a broadband light source. Just as the conventional OCT system, the depth of focus can be extended if the lateral resolution is compromised to a certain degree. The overall image quality is still improved due to a superior axial resolution. The improvement in signal penetration may be critical to some applications. For example, a larger margin width is usually more appreciated for ductal carcinoma in-situ (DCIS) [31, 32] . A recent study [33] demonstrated that UHR OCT may enable high resolution 3D visualization of a variety of tissue types in fresh excised breast tissue to aid in differentiation of malignancy with an appreciable imaging depth. Moreover, UHR OCT was also demonstrated in small diameter catheters [34, 35] , which would benefit not only surgical margin guidance during lumpectomy but also local biopsy of early cancerous sites during ductoscopy [36] .
In this study, we employed a home-built UHR OCT system at 800 nm [37] and a commercial 1,300 nm system to image human breast cancer specimens ex vivo. We first compared OCT images of human breast tissue specimens at different spatial resolutions. We showed qualitatively that UHR OCT images enabled better visualization of detailed features in different types of breast tissue. Moreover, UHR OCT images with corresponding histology analysis of different tumor types were shown and compared with previous findings [29] [30] [31] [32] [33] . We contributed to the UHR OCT breast cancer imaging body of work with new tumor types that have not been reported before, including phyllodes tumor, fibrotic focus carcinoma, and necrotic tumor. We quantitatively examined the texture and optical features from the OCT images of human breast tissue at different resolutions, and developed computational methods for differentiation of major tissue types found in OCT images, such as adipose, fibrous stroma, and malignant lesions. Relevance vector machine (RVM), a Bayesian frame work of support vector machine, was used to perform classification on adipose tissue against solid type of tissue, and invasive ductal carcinoma (IDC) against normal stroma tissue. A total 60 B-scans (32 from UHR OCT, 28 from Thorlabs) from 15 normal and 4 IDC specimens were fed into the adipose classifier, and 256 B-scans (152 from UHR OCT, 104 from Thorlabs) from 10 normal and 19 IDC specimens for the IDC classifier. Leaveone-out test was performed to measure sensitivity and specificity. In this preliminary study, the tissue classification results indicated that UHR OCT images can lead to a better performance on differentiation of adipose and IDC in the breast tissue compared with the images produced by the 1,300 nm system. Especially, using UHR OCT images, we showed a sensitivity of 94% and specificity of 93% for adipose delineation and a sensitivity of 89% and specificity of 71% for identifying IDC against normal fibrous stroma.
MATERIALS AND METHODS

Sample Preparation
Breast tissue specimens were discarded tissue not required for diagnosis as defined by the department of pathology collected from patients undergoing surgical procedures at Columbia University Medical Center (CUMC), and include both non-neoplastic/normal tissue from breast reductions and malignant tissue from mastectomy. The protocol was considered as non-human subject research in accordance with 45CFR46, and was performed under Columbia University Tissue Bank IRB AAAB2667 as all tissue samples were de-identified. The specimens were placed in Rosewell Park Memorial Institute (RPMI) media and were imaged ex vivo within 24 hours after surgical excision. A total of 82 specimens from 49 human breast cases were collected and imaged, including normal tissue specimens derived from normal breast reduction (n ¼ 40) and pathological tissue specimens from mastectomy (n ¼ 42), with an average size of 1.2 cm 2 . UHR OCT imaging was performed 29 cases, including 23 normal specimens, and 29 specimens with malignant lesions: phyllodes tumor (n ¼ 2), fibrotic focus carcinoma (n ¼ 1), mucinous carcinoma (n ¼ 3), ductal carcinoma in situ (DCIS) (n ¼ 3) and IDC (n ¼ 20). In particular, 10 out of 29 cases were also imaged by both systems for comparison. The other 20 cases, including 17 normal specimens and 13 pathological specimens (five IDC specimens), were solely imaged by Telesto system. Specimens were classified based on histological analysis by an experienced pathologist after imaging.
From 30 cases, including 18 normal and 23 IDC specimens, cross-sectional images (B-scans) of 3D OCT datasets imaged by two systems were incorporated for tissue classification analysis, focused on extracting adipose tissue ratio and differentiating IDC against normal fibrous stroma.
Imaging Protocol OCT systems. Two SD OCT systems were used to acquire volumetric images from the excised breast tissue specimens: a commercial system (Thorlabs Telesto I) at 1,300 nm and a previous reported home-built ultrahigh resolution (UHR) OCT system at the optical window of 800 nm [37] (schematic shown in Fig. 1 ). The commercial system has an axial resolution of 6.5 mm and lateral resolution of 15 mm measured in air, with an imaging range of 2.52 mm. The UHR OCT system has an axial resolution of 2.7 mm and lateral resolution of 5.5 mm measured in air, with an extended imaging range measured as 1.8 mm and 6-dB sensitivity fall-off range as 0.89 mm enabled by a supercontinuum source (NKT Extreme EXR-9) and a customized spectrometer. The customized spectrometer features a modified Cooke triplet lenses optimized for the focusing performance on a 2,048-pixel line-scan camera within the wavelength range from 740 to 940 nm.
Imaging protocol details. Multiple three-dimensional OCT volumetric images were acquired on both the top and bottom sides of the specimens, covering the entire surface area of the specimens. Within one specimen, different volumes represented different locations. For the UHR OCT system, OCT volumes were taken at 32 kHz linerate. Each volume had 800-by-800-by-1,024 pixels, covering 3 mm-by-3 mm-by-1.78 mm in space, with an acquisition time of 20 seconds per volume and a measured sensitivity of 96 dB. For the 1,300 nm system, OCT volumes were taken at 28 kHz linerate, with an acquisition time of 23.6 seconds for one single volume of 800-by-800-by-511 pixels covering 4 mm-by-4 mm-by-2.52 mm in space and a measured sensitivity of 100 dB. Specimens were all imaged fresh in free space. During the imaging process, PBS spray was applied to prevent the sample from drying. For the image comparison study, the specimens were manually transferred from one system to the other, located and orientated the same way with respect to the scanning beam using best effort. All OCT images were presented without scaling by tissue refractive index.
Feature extraction and classification. It remains a challenge in OCT image processing of breast tissue to differentiate normal stromal tissue from cancerous tissue. However, adipose tissue has a characteristic honeycomb texture. As a result, our approach is to decouple the automated classification procedure by first identifying large adipose regions, with intact honeycombing features, which normally corresponds to non-neoplastic areas, using an adipose classifier. Thereafter, regions not classified as adipose will be classified as normal stroma of fibroelastic origin or cancer. Detailed algorithm flowchart is presented in Figure 2 .
To differentiate adipose tissue at a specific region, we extracted region-based local features, including standard deviation, entropy, and homogeneity of the OCT intensity signal. Every frame was denoised and divided into small sized grids. The features of each grid were then input into a trained machine learning model, RVM [38] [39] [40] , and the model will assign a tissue type to that grid. Frames that contained 30% or less adipose tissue in the regions where the intensity signal was above SNR threshold will be classified as solid tissue and sent to the IDC.
We identified, four parameters based on the signal penetration and backscattering strength in the OCT image as input to the RVM based IDC classifier. For feature extraction, a single scattering model [41] [42] [43] for homogenous media was incorporated to model the detected OCT signal from the sample arm as shown in Equation 1, where m b was the effective backscattering coefficient, I s the incident light intensity in the sample arm, l c the coherence length of the light source, andŜ z ð Þ the 6-dB sensitivity falloff induced by the spectrometer. The coupling efficiency was assumed to be constant along the A-line and over the B-scan to avoid the complexity.Ŝ z ð Þ can be decoupled from the A-line profile by measuring the center of the scan as well as the 6-dB sensitivity fall-off range of the system z c ; z w ð Þ [42] , as illustrated in Equation 2. The first two parameters were the mean and variance of the penetration depth across a single B-scan. The penetration depth was defined as the axial distance where the intensity drops to e À1 of its peak value from the tissue-air interface and was correlated with the attenuation coefficient m t of the tissue. The other two parameters were the mean and variance of "decay range" across a single B-scan. The decay range was defined as the axial distance from the tissue-air interface to the location where the magnitude of A-line intensity is 10 dB above the noise floor. It was correlated with both the effective backscattering coefficient m b and attenuation coefficient m t of the sample. Both penetration depth and decay range were extracted based on a smoothed A-line profile, which was done by averaging three consecutive A-lines and then applying a Savasky Golay filter with a 2nd order polynomial [22] .
To evaluate both classifiers, we performed leave-one-out cross validation on the whole dataset. The classification results were validated against the correlated histology with pathological features reviewed and confirmed by a pathologist.
Histology
After imaging, tissue specimens first placed in 10% Formalin for 24 hours and were then transferred to 70% ethanol for histology process. Specimen blocks were embedded and sliced along the OCT B-scan direction. Multiple 5 mm-thick slices were taken from a single specimen block, with 100 mm discard between levels and each slide stained with Hematoxylin-eosin (H&E). The processed slides were digitalized at 40Â magnification using Aperio system. The ImageScope (v12.1.0.5029) software was used to view and annotate H&E images.
Statistics
Details of the datasets used for classification were summarized in Table 1 . One single OCT volume captured a small fractional region of the specimen. Based on the guidance of pathologist, the tissue type was identified locally in a sub-region of the histology slide comparable to the region of OCT b-scan. B-scans/frames used in the classification algorithm were selected based on the regional structural matching against corresponding histology with best effort, as well as image quality. An OCT frame was labeled as adipose if more than 70% of the effective area showed the adipose feature. The threshold of identifying a corresponding adipose-dominated histology slides was 80%. For IDC, a pathologist performed the classification of regions of interest within histology slides. In general, if the region of interest in an IDC slide contained a cluster of cancer cells, it will be regarded as IDC. Classification results were then compared with the pathologist-assigned tissue types for validation. The classification and validation were performed separately in UHR OCT dataset and standard OCT dataset. To evaluate the performance of the classification algorithm, we calculated specificity, sensitivity, and overall accuracy using the following definitions: 
Sensitivity
UHR OCT Images of Breast Cancer
All OCT images presented have a corresponding histology slides, which were annotated with the help of an experienced pathologist. The aspect ratio of UHR OCT images was scaled to match the dimension of the actual cross-sectional field of view in air (3 mm by 1.78 mm), and Thorlabs OCT images were presented in their original scale. Figure 3 demonstrates the difference between OCT images taken from the UHR OCT system and Thorlabs system. Figure 3 Figure 3 (a) (b) and (d) (e) provide zoom-in views of the adipose region and mucins region. Edges, which are high spatial frequency details, were better defined in UHR images due to an extended Nyquist limit in the spatial frequency domain (smaller spatial sampling size) and higher resolution. On the other hand, for the Thorlabs system, the pixel size in the axial direction is around 5 mm, very close to the actual axial resolution, which will ultimately limit the image resolution. Figure 4 shows a range of different tumor types, including IDC, DCIS, phyllodes, fibrotic focus carcinoma, and necrotic tumor, as well as non-neoplastic breast tissue unveiled by UHR OCT images as Figure 4 Datasets from seven normal specimens were used for both classifiers. In IDC classification, one normal and two IDC specimens had both UHR OCT and Thorlabs Telesto datasets recorded.
(m)-(p). In UHR OCT images, signal penetration was deeper in normal specimens than in malignant specimens in general. Tumor cells appeared to be darker gray due to reduced scattering, while fibrous stroma were much brighter due to stronger backscattering of light. Normal duct structures in Figure 4 (a) and (b) featured clear epithelial lining and basal boundary as also reported by Hsiung et al. [33] . In Figure 4 (b), the wavy collagen fibrils of normal fibrous stroma tissue sometimes imposed a birefringence artifact in the image. Features of IDC, DCIS, and microcalcification in UHR OCT images were previously reported by several groups, and were confirmed in our observation [29] [30] [31] [32] [33] . In addition, we presented UHR OCT images of phyllodes tumor, fibrotic focus carcinoma (a subtype of IDC) and necrotic tumor in Figure 4 (i)-(l), respectively. In OCT, phyllodes tumor appeared to have a cracked texture in Figure 4 (i), with reduced signal penetration and lower overall intensity. Fibrotic focus carcinoma appeared as dark islands surrounded by highintensity necrotic regions in Figure 4 (j). Necrotic tumor mixture with fibrous tissue, picked up by only eosin stain in Figure 4 (p), showed similar features as necrosis such as high intensity and low penetration. Especially, a nodule of necrotic tumor was clearly delineated in UHR OCT image in Figure 4 (l), while it remained difficult to see in histology (red circle in Fig. 4(p) ). The corresponding histology presented in Figure 4 (p) was intentionally zoomed in for better visualization of pathological details. Figure 5 illustrates wide field imaging and 3D rendering capability of UHR OCT. In Figure 5 (a), one stitched UHR OCT B-scan image of mucinous carcinoma specimen with a field of view greater than 7 mm was presented. Two en face images of mucinous carcinoma and IDC were presented in Figure 5 (c) and (e), respectively. All OCT images were shown in accord with corresponding histology slides in Figure 5 (b), (d), and (f). Especially, for Figure 5 (d) and (f), the histology slides were produced in the en face plane on purpose to correlate with en face UHR OCT images.
Tissue Classification
Adipose classifier. We compared the sensitivity and specificity of the adipose classification results based on OCT images (details in Table 1 ) from the Thorlabs system and the UHR OCT system in Figure 6 (a). In general, classification of UHR OCT images achieved higher sensitivity (94%) and specificity (93%) than the sensitivity (91%) and specificity (76%) of the Thorlabs images. Furthermore, we applied our algorithm on volumetric OCT images and obtained the corresponding color-coded 3D adipose maps using the regional adipose classification results. In specific, Figure 6 (b) and (c) present Thorlabs OCT volumes from normal and IDC specimens respectively, with corresponding color-coded 3D adipose maps shown in Figure 6 (e) and (f). And UHR OCT intensity data along with the color-coded 3D adipose map are presented in Figure 6 (d) and (g). We found that in UHR OCT images, it was possible capture more isolated adipose structure. Moreover, we calculated an adipose ratio within normal and IDC specimens and found the adipose ratio (52.3 AE 29.4%, n ¼ 6) in normal tissue was higher than that in cancerous tissue (12.4 AE 10.1%, n ¼ 4). This observation was further confirmed from the corresponding histology.
IDC classifier. Selected UHR OCT images of normal fibrous stroma and IDC were presented in Figure 7 (a) and (b) as a qualitative comparison. OCT features, including mean/standard deviation of penetration depth, mean/ standard deviation of decay range were plot in 2D space in Figure 7 (c) and (d). It appeared that 800 nm light can penetrate deeper in normal stroma than in IDC, and larger variation in those two optical properties existed in normal stroma than in IDC. And the lateral heterogeneity in OCT images of normal fibrous stroma tissue resulted in a larger variation, especially in the decay range. 152 UHR OCT B-scans from 6 normal and 13 IDC specimens, and 104 standard OCT B-scans from 5 normal and 8 IDC specimens were separately employed for IDC classification, and the validation results were listed in Table 2 . In particular, for a limited number of samples within our dataset, we achieved an overall accuracy of 84%, sensitivity of 89% and specificity of 71% for classification based on UHR OCT images, which were better than the results (overall accuracy of 71%, sensitivity of 83%, and specificity of 53%) based on the Thorlabs images. In Thorlabs system, the variation of decay range and penetration depth for normal stroma were lower than that in UHR OCT system, making the differentiation between normal tissue and adipose tissue more difficult. Therefore, the detection accuracy in Thorlab system in general was lower than UHR OCT system. In addition, we further applied our algorithm within a 3D dataset. We extracted the features in each B-scan and the RVM returned a probability of how likely this B-scan belonged to IDC tissue type. The colorcoded probability bar is shown in Figure 8 .
DISCUSSION
We showed that UHR OCT at 800 nm can provide better image quality compared with OCT at 1,300 nm qualitatively and quantitatively. Detailed structures of basic units found in breast tissue, such as TDLUs, ducts, adipose, and fibrous stroma, can be better delineated by UHR OCT. UHR OCT images of different pathological features in breast cancer specimens were also provided, including IDC, DCIS, microcalcification, phyllodes tumor, fibrotic focus carcinoma, mucinous carcinoma, and necrotic tumor. We compared our observations with previous reports and can reach similar conclusion on OCT feature descriptions of different tissue types, such as TDLU, ducts, adipose, fibrous stroma, IDC, DCIS, microcalcification, and mucinous carcinoma. In addition, we were able to add phyllodes, fibrotic focus, and necrotic tumor to the UHR OCT image library. Furthermore, automated tissue classification algorithms, including an adipose classifier and an IDC classifier, were proposed to identify IDC against normal breast tissue. The classification was done on both UHR OCT images and standard OCT images. For the adipose classifier, 32 UHR OCT B-scans from 9 normal specimens, as well as 28 standard OCT B-scans from six normal and four IDC specimens were included. For IDC classifier, 152 UHR OCT B-scans from 6 normal and 13 IDC specimens, as well as 104 B-scans from 5 normal and 8 IDC specimens were included. The preliminary results showed encouraging results indicating that features derived from UHR OCT images can lead to a better performance on differentiation of fat against non-fat regions, as well as IDC against normal fibrous stroma, compared with the results based on standard OCT images. We also showed that it was possible to apply the classifications on volumetric datasets.
There have been tremendous efforts on realization of computer-aid detection in order to improve the efficacy of diagnostic process in other image modalities [44] . Zysk et al. [19] pioneered in automated detection of tissue types in OCT images, and they proposed a tissue classification model using depth-resolved Fourier domain classification with periodicity analysis. The A-line based approach showed promising results in differentiating tumor against normal stroma tissue with a sensitivity of 99% and [45] , with a sensitivity of 88% and specificity of 82% for cancer classification. Goldberg et al. [20] also reported an automatic tissue classification algorithm based on spatial frequency analysis of A-line feature, and they reported a sensitivity of 98% and specificity of 82% for adipose classification. These studies demonstrated the possibility of implementing CAD with OCT imaging for breast cancer management. Furthermore, Savastru et al. [22] pioneered in implementation of depth-resolved tissue classification for automated tumor margin assessment on ex vivo mice breast tumor tissue from animal models. They reported a sensitivity of 81% and specificity of 89% on 20 samples, which was very encouraging.
In this report, we developed an adipose classifier to differentiate adipose tissue against solid types of tissue, and an IDC classifier to identify IDC tissue from normal fibrous stroma tissue. The ultimate goal of this algorithm was to identify cancerous regions and the algorithm was implemented by a two-level classifier. The first level of the algorithm is the adipose tissue classifier, developed to quickly exclude the frames with a majority of adipose tissue. The second level classified image frames with adipose regions less than a specified threshold as stroma or IDC. The classification was tested with both UHR OCT images and standard OCT images of ex vivo human breast tissue. Rather than focusing on A-line classification, we focused on classification of B-scans/frames. The features were simplified so that no fitting was needed in the algorithm in order to accelerate the feature extraction process. Due to a limited amount of specimens, leaveone-out validation was carried out to evaluate the classifier performance. We showed that UHR OCT images resulted better classification results in general. In our preliminary study, we achieved a sensitivity of 94% and specificity of 93% for adipose classifier and a sensitivity of 89%, and specificity of 71% for IDC classifier. For adipose classification, the classifier was based on the texture features within OCT intensity images. The decrease in SNR at larger depth was the major cause of false positives/negatives in frames which had layered tissue types. Since the tissue types were determined in gridded blocks, we found that the size of the grid will also affect the classification results. In general, we observed that the classification accuracy dropped at the boundary of an adipose region where a grid contains a mixture of adipose and stroma/IDC tissue. This, however, is not expected to cause major problems and could even help to identify the adipose boundary as well. For IDC classifier, the false positives were mainly caused by heterogeneity in the tissue, the birefringent artifact, and irregular surface curvature in the OCT images. Especially, it was known that tissue birefringence had impact on the signal penetration, and it may be found prominent in UHR OCT images of fibrous stroma tissue which contains well organized collagen fibers. In some cases, the signal penetration was limited in stromal tissue when the incident beam was locally aligned with the optical axis of the organized collagen. Furthermore, the features for IDC tissue may vary depending on the type and grade of IDC. And the tissue immersing time in the RPMI solution, while less than 24 hours, was not controlled in our study, we expected the optical clearing effect may cause some variations in the signal penetration as well. These aspects contribute to the false negatives of IDC classifier.
It should be noted that there were limitations in our study. First, only IDC classification was studied. Because the mastectomy-produced tissue yielded a variety in cancer types, the numbers of specimens in each cancer type were limited. While these results are promising, this study is very preliminary and leave-one-out validation may result in overestimated performance evaluation. Therefore, in the future a full statistical evaluation must still be performed on a larger sample size, with the inclusion of multiple cancer types and grades. Detection of other tumor types must also be studied in order to fully assess the efficacy of the CAD technique. Second, while UHR OCT system may produce better delineations on different tissue types, it exhibits higher noise floor because of the supercontinuum light source. This will have an impact on texture-based feature extraction at larger depth. Moreover, the penetration depth for 800 nm light was more limited compared with 1,300 nm light. In some of the breast tissue specimens, it can reach up to 1 mm, which may be due to the optical clearing effect by the RPMI media. On the other hand, the SLD-based 1,300 nm OCT system provides shot noise limited imaging performance and larger signal penetration in general. Therefore, it will be more suitable if the imaging range was required to be above 1 mm into the tissue. Third, here we only presented off-line frame-based classification. Volume-based or specimen-based classification should be possible if a proper threshold can be identified to differentiate tumor tissue against normal tissue. For real-time automatic detection, the current computational speed was the main problem. The main cost was from the adipose classifier, which took around 8 second per frame in MATLAB using CPU. However, we expect this process can be greatly accelerated if GPU based parallel computing is utilized.
In the future, we will work on the IDC classifier to improve the performance, and optimize a volumetric classification algorithm. With an increase in the size of our datasets, we will continue to improve upon the algorithm, incorporating additional features that can help to improve the accuracy, resulting in an algorithm that can differentiate multiple types of cancerous regions. Next steps also include conducting the OCT imaging session in an intra-operative setting to reduce the time between surgery and imaging. Lastly, additional efforts will be put toward real-time processing, such as improvement in the hardware, the application of distributed computing, and corresponding graphical user interface, to speed up the current runtime.
CONCLUSION
In this preliminary study, we have showed qualitatively and quantitatively that UHR OCT images may enable better visualization of detailed features in different types of breast tissue. UHR OCT images of new breast cancer types such as phyllodes tumor, necrotic tumor and fibrotic focus carcinoma were provided for future references. RVM based stochastic tissue classification methods presented here shows great promise for automated classification of different tissue types in human breast tissue.
